Abstract: A series of elegant phosphorylation site prediction methods have been developed, which are playing an increasingly important role in accelerating the experimental characterization of phosphorylation sites in phosphoproteins. In this study, we selected six recently published methods (DISPHOS, NetPhosK, PPSP, KinasePhos, Scansite and PredPhospho) to evaluate their performance. First, we compiled three testing datasets containing experimentally verified phosphorylation sites for mammalian, Arabidopsis and rice proteins. Then, we present the prediction performance of the tested methods on these three independent datasets. Rather than quantitatively ranking the performance of these methods, we focused on providing an understanding of the overall performance of the predictors. Based on this evaluation, we found the following results: i) current phosphorylation site predictors are not effective for practical use and there is substantial need to improve phosphorylation site prediction; ii) current predictors perform poorly when used to predict phosphorylation sites in plant phosphoproteins, suggesting that a rice-specific predictor will be required to obtain confident computational annotation of phosphorylation sites in rice proteomics research; and iii) the tested predictors are complementary to some extent, implying that establishment of a meta-server might be a promising approach to developing an improved prediction system.
INTRODUCTION
Phosphorylation is one of the most important types of post-translational modifications [1] [2] [3] [4] . More than 30% of all eukaryotic proteins are estimated to undergo reversible phosphorylation [5] . Phosphorylation of substrate sites at serine (Ser), threonine (Thr) or tyrosine (Tyr) residues is performed by members of the protein kinase family. Biochemically, phosphorylation involves the transfer of a phosphate moiety from adenosine triphosphate (ATP) to the acceptor residue, thereby generating adenosine diphosphate (ADP). Protein kinases catalyze the phosphorylation events that are essential for the regulation of cellular processes such as metabolism, proliferation, differentiation and apoptosis. Owing to the importance of protein phosphorylation in regulating cellular signaling, a major goal of current proteomic efforts is to identify phosphoproteins in higher organisms [6] . Several large-scale phosphoproteomics studies have been carried out in yeast [7] , mouse [8] , human [9] , plant [10] , and other species.
Traditional experimental identification of protein kinasespecific phosphorylation sites on substrates in vivo and in vitro has provided a foundation for understanding the *Address correspondence to this author at the Key Laboratory of Ministry of Education for Genetic, Breeding and Multiple Utilization of Crops, Fujian Agriculture and Forestry University, Fuzhou 350002, China and College of Life Science, Fujian Agriculture and Forestry University, Fuzhou 350002, China; Tel: +86-591-83789443; Fax: +86-591-83789352; E-mail: hehq3@yahoo.com.cn # These authors contributed equally to this work mechanism of phosphorylation dynamics. Nevertheless, these experiments are often time-consuming and costly [11] . Experimental difficulties in the large-scale identification of protein phosphorylation sites have stimulated the development of computational approaches to predict these sites from protein sequences [12] .
Over the past decade, a series of algorithms have been developed to predict phosphorylation sites from amino acid sequence. These approaches range from simple motif searches to more complex machine learning methods, such as Artificial Neural Networks (ANN) and Support Vector Machines (SVM). Of the available resources, a few wellmaintained phosphorylation site prediction web sites have been made freely available to the scientific community, including NetPhos [2] , NetPhosK [12] , KinasePhos [13] , DISPHOS [14] , Scansite [15] , PPSP [16] , GPS [17] , PredPhospho [18] , and NetPhosYeast [19] . Generally, these phosphorylation-site predictors can be grouped into two categories. The first category of predictors focus on forecasting whether a query Ser, Thr or Tyr residue is a phosphorylation site or not. This group includes the NetPhos and DISPHOS. The second category of predictors that aim to identify protein kinase-family-specific phosphorylation sites. This category includes NetPhosK, PSSP, PredPhospho, and KinasePhos. Comparatively, the kinase-family-specific phosphorylation site prediction results are more useful, because the corresponding kinase family information for every possible phosphorylation site can be inferred [13, 18] . However, this type of prediction may be suitable only for those kinase families in which the number of known phosphorylation sites is large. Therefore, these kinase-family-specific prediction systems are inevitably limited to only a few kinase families [18] . There are currently two important directions in the field of protein phosphorylation site prediction. With the increase of experimentally validated phosphorylation sites, the first direction involves development of organism-specific predictors. Development of these predictors has been initiated in some model organisms, specifically yeast [19] and Arabidopsis [20] . The second direction involves combining phosphorylation site prediction with a network context of kinases and phosphoproteins. In addition to predicting kinase-family-specific phosphorylation sites, such a method would allow for the identification of specific kinases that are responsible in vivo for the predicted phosphorylation events.
Existing phosphorylation site predictors play an increasingly important role in complementing the experimental characterization of protein phosphorylation. Generally, a newly developed predictor must be intensively evaluated before its acceptance for publication in a peer-reviewed journal. Owing to the availability of many phosphorylation site datasets, the accuracy of different predictors reported by the developers may be overestimated, because these methods were optimized predominantly for the corresponding training and testing data. Moreover, the current protein phosphorylation site predictors are derived primarily from mammalian phosphorylation site data and they may show lower prediction accuracy for proteins from other organisms [19, 20] . To our knowledge, different protein phosphorylation site predictors have not been intensively benchmarked via some independent datasets in the literature. Sikder and Zomaya (2009) developed an independent dataset, collected from Phospho.ELM, to compare the performances of KinasePhos, NetPhosk, DISPHOS, Scansite and PPSP [21] . However, this independent dataset contained mainly mammalian proteins. To explore the current phosphorylation site predictors' application to plant proteomes, we decided to quantitatively investigate their performance when applied to Arabidopsis or rice phosphoproteins. To this end, we constructed three independent phosphorylation site datasets and evaluated the performance of six phosphorylation site predictors on these datasets. We believe that this work will provide scientists with a quantitative understanding of the overall performance of the tested predictors. Moreover, we also point out some existing problems regarding protein phosphorylation site prediction.
MATERIALS AND METHODS

Datasets
We generated three phosphorylation site datasets consisting of experimentally verified mammalian, Arabidopsis and rice phosphoproteins, respectively. All the mammalian phosphoproteins in Phospho.ELM (release version 7.0), which contains 4,026 protein entries covering 16,428 phosphorylation sites, were downloaded [22] . Three hundred mammalian phosphoproteins were randomly selected from this total set to compile the initial mammalian phosphoprotein dataset. To remove sequence redundancy, the initial mammalian phosphoproteins were filtered using a 30% sequence identity filter. Briefly, we performed pairwise BLAST searches for any sequence pairs in the initial mammalian phosphoprotein dataset. For sequence pairs with sequence identity > 30%, only one sequence was left in the dataset. Thus, the phosphoprotein dataset size was reduced to 231 total proteins. The Arabidopsis and rice phosphorylation site datasets were obtained from recent literature, the feature table of the SwissProt database (release 42.10) [23] , and unpublished rice phosphorylation data from our laboratory. As in the mammalian dataset, we filtered the Arabidopsis and rice phosphoproteins using a sequence identity of 30% and compiled them into the testing datasets for Arabidopsis and rice.
The mammalian dataset consists of a total of 754 phosphoserine (pSer) sites, 135 phosphothreonine (pThr) sites and 45 phosphotyrosine (pTyr) from 231 mammalian proteins ( Table 1) . The Arabidopsis dataset contains a total of 153 pSer sites, 47 pThr sites and 11 pTyr sites from 98 Arabidopsis proteins. The rice dataset consists of a total of 359 pSer sites, 263 pThr sites and 1 pTyr site from 105 rice proteins ( Table 1) . Since all of these phosphorylation sites are experimentally verified, they are regarded as (+) sites. The Ser, Thr and Tyr residues that are not annotated as phosphorylation sites within the above three datasets are regarded 
Six Tested Phosphorylation Site Predictors
Each sequence from the three independent datasets was individually run through all six methods (KinasePhos, NetPhosK, DISPHOS, Scansite, PPSP and PredPhospho) using the web site servers provided by the developers. Aside from DISPHOS, all the tested predictors belong to kinase-specific programs. To allow for a fair comparison of these six predictors, we evaluate only whether a candidate site is correctly predicted. The correctness of the predicted kinase family information is not considered in our analysis. The algorithms and parameter settings of the evaluated predictors are briefly described below.
DISPHOS (DISorder-enhanced PHOSphorylation site predictor, http://core.ist.temple.edu/pred/) uses positionspecific amino acid composition and predicted structural disorder information to distinguish phosphorylation and nonphosphorylation sites. For our work, all the sequences in the testing datasets were analyzed using DISPHOS (version 1.3). Since DISPHOS provides the option of different kingdoms and organisms, the "Eukaryotes" option was selected for predicting mammalian and rice proteins, and the "A. thaliana" option was selected for Arabidopsis proteins.
NetPhosK (http://www.cbs.dtu.dk/services/NetPhosK/) uses an artificial neural network algorithm to predict 17 kinase-family-specific phosphorylation sites. In this work, all the tested proteins were analyzed with the NetPhosK 1.0 server without a filtering method, and a threshold of 0.5 was used to judge whether a site was predicted as phosphorylated.
KinasePhos
(http://kinasephos.mbc.nctu.edu.tw/index. php) employs a Profile Hidden Markov Model (HMM) to predict kinase-family-specific phosphorylation sites. In this evaluation, KinasePhos was run with the option of 100% prediction specificity. No specific kinase was set, since we evaluated only the predicted generic phosphorylation sites. Scansite (http://scansite.mit.edu/) uses scores calculated from position-specific score matrices (PSSM) to search for motifs within proteins that are likely to be phosphorylated by specific protein kinases. In this work, Scansite2.0 was run by searching all motifs and the "high stringency level" setting was selected. PPSP (http://bioinformatics.lcd-ustc.org/PPSP/) utilizes Bayesian Decision Theory (BDT) to predict phosphorylation sites for approximately 70 kinase groups. In this work, prediction was performed by considering all kinase groups and the balance performance option was selected.
PredPhospho (http://pred.ngri.re.kr/PredPhospho.htm) predicts various kinase-specific phosphorylation sites by training SVMs. Due to the limitations of phosphorylated sequence data in public databases, the current PredPhospho can make classifiers for only four kinase groups and four kinase families. In this evaluation, prediction was made by considering all kinase groups and families.
Performance Assessment
Four measurements-Sensitivity (Sn), Specificity (Sp), Accuracy (Ac) and the Matthews correlation coefficient (MCC) -were employed to evaluate the performance of the tested predictors (definitions below): where TP, FP, FN, and TN denote true positives, false positives, false negatives, and true negatives. Sn and Sp illustrate the correct prediction ratios of positive and negative data sets, respectively. When the number of positive data and negative data differ too much from each other, the MCC value is calculated to assess the prediction performance. The value of MCC ranges from -1 to 1, and larger values indicate better prediction performance.
FN
RESULTS AND DISCUSSION
The Overall Performance of the Six Tested Predictors
For the mammalian dataset, the prediction performance of the different methods indicated the following trend: PredPhospho>DISPHOS>Scansite>NetPhosK>PPSP>Kinase Phos ( Table 2) . PredPhospho demonstrated the best performance, with an MCC value of 0.1971, and KinasePhos yielded the poorest prediction (MCC = 0.0076). When tested on the Arabidopsis and rice datasets, the performance ranking of the different predictors showed a trend that was similar to that of the mammalian dataset. Generally, all six evaluated phosphorylation site predictors showed poor prediction performance. Using the prediction of mammalian proteins as an example, the MCC values for all the tested predictors remained below 0.2, suggesting that these predictors alone were not sufficient for practical use. The most critical issue contributing to low MCC values in our study is that the number of non-phosphorylated Ser, Thr or Tyr residues in a protein is far larger than that of phosphorylated sites, inducing an imbalance of ( ) sites and (+) sites. Such a phenomenon is further exemplified in the prediction performance of PredPhospho. When tested in mammalian proteins, PredPhospho performed reasonably well (Sn = 78.88% and Sp = 77.65%). However, the ratio of (+) sites to ( ) sites in the mammalian dataset is approximately 1:32, indicating that the prediction result of PredPhospho indeed contains too many false positives, resulting in a relatively low MCC value (0.1971). For a machine learning method-based phosphorylation site predictor, it is important to note that an optimized ratio of (+) sites to ( ) sites in the training dataset can often result in a better prediction model.
The Prediction Performance of pSer, pThr and pTyr Sites
The tested predictors demonstrated different performance on pSer, pThr and pTyr site predictions (Fig. 1) . Generally, the predictors have similar performance on pSer and pThr sites and better predictive performance on pTyr site. Because the number of pTyr sites is limited in all the testing datasets, we can not conclude that the prediction of pTyr sites is easier than the prediction of pSer and pThr sites. In terms of pSer and pThr site prediction on the three datasets, all the tested predictors indicated better performance (MCC) on the mammalian dataset than on either plant (Arabidopsis and rice) dataset (Fig. 1) . However, for pTyr site prediction, KinasePhos, PredPhospho, DISPHOS and NetPhosK showed the highest MCC on the rice dataset, while the other two predictors still demonstrated their highest MCC values on the mammalian dataset. Since the number of pTyr sites in the rice dataset is very limited, we are unable to conclude that these four methods are favorable for pTyr site prediction.
The Tested Predictors Exhibited Better Performance on Mammalian Proteins than Plant Proteins
Each predictor exhibited the best performance (i.e., the highest MCC) on the mammalian dataset and the poorest performance (i.e., the lowest MCC) on either the rice or Arabidopsis dataset ( Table 2) . It is likely that this is caused by the predictors having been derived primarily from mammalian phosphorylation sites. We conclude that the tested predictors might not adapt well to predicting plant protein phosphorylation sites. Therefore, a plant-specific predictor may yield better performance when applied to plant proteins than a generic predictor. For instance, a plant-specific predictor called PhosPhAt has been developed to predict pSer sites in Arabidopsis. PhosPhAt was benchmarked to reveal better performance than some generic predictors [20] . With the accumulation of experimentally validated phosphorylation sites in rice, it is hoped that a rice-specific predictor will be available in the near future. Such a tool will inevitably facilitate more reliable computational annotation of phosphorylation sites in rice phosphoproteins. 
The Complementarity Between Different Predictors
We found that different predictors are often complementary to some extent. For example, the prediction performance of KinasePhos was 98.93% (Sn) and 1.62% (Sp) on the mammalian dataset and outperformed Scansite (Sn = 42.08% and Sp = 85.08%) with a 56.85% higher sensitivity and an 83.46% lower specificity. This suggested that an effective combination of KinasePhos and Scansite may result in a new prediction system with increased performance. Indeed, such an effort has recently been initiated. Wan et al. (2008) used a weighted voting method to incorporate 15 phosphorylationsite predictors into a meta-predictor, the performance of which can exceed that of all individual predictors [24] .
FUTURE PERSPECTIVES
In statistical predictions, three cross-validation methods are often used to examine a predictor for its effectiveness in a practical application: the independent dataset test, the subsampling test, and the jackknife test [25] . However, as demonstrated by Chou and Shen [26, 27] , the jackknife test is deemed the most objective of these three tests and can always yield a unique result for a given benchmark dataset. For these reasons, the jackknife test has been increasingly used by investigators to examine the accuracy of various predictors [28] [29] [30] [31] [32] [33] [34] [35] . However, a feasible way to examine the quality of the existing web-site predictors is the independent dataset test, as performed in this study.
In this study, we constructed three phosphorylation site datasets (i.e., the datasets of mammal, Arabidopsis and rice proteins) to benchmark the prediction performance of six phosphorylation site predictors. It is worth mentioning that the three testing datasets can not be regarded as the gold standard. In particular, the unreliable (-) sites may impact the evaluation. Some phosphorylation sites that have not been experimentally validated are likely to be represented as (-) sites in this study, contributing to the "noise" of our evaluation. Moreover, the size of these three datasets may not be large enough to represent the complete sequence space of phosphoproteins. Despite these shortcomings, this evaluation provides a quantitative understanding of the overall performance of current phosphorylation-site predictors.
We expect that both the developers of phosphorylation site predictors and the interested experimental scientists will benefit from our findings in this work. We would like to emphasize the following findings we have obtained. First, the current phosphorylation site predictors are not effective for practical use. In particular, the current predictors often yield overprediction at the whole-sequence level (i.e., a lower fraction of the predicted sites are actually true positives). Therefore, reduction of overprediction remains an important direction for development of new phosphorylation-site predictors. Second, the current predictors perform less well when they are applied to predicting phosphorylation sites in Arabidopsis and rice phosphoproteins. Therefore, it is important to develop organism-specific phosphorylation site predictors. With the accumulated phosphorylation site data available in many model organisms, such predictors have recently been developed. Finally, we have found that the tested predictors are complementary to some extent, suggesting that establishment of a meta-server may result in better predictive performance.
